Background: A recent analysis concluded that there were fewer excess deaths attributable to obesity in the US population than previously believed. This analysis may not have fully corrected for two putative biases, the regression-dilution and the reversecausation biases. It is not presently known whether correcting for these biases would increase estimates of excess deaths attributable to obesity. Methods: All-cause mortality hazard ratios (HRs) for different body mass index (BMI) categories were calculated and adjusted for confounding factors, using data from the prospective Atherosclerosis Risk in Communities Study. The analysis was based on 12 457 individuals aged 51-70 years and 606 all-cause deaths during a 5.3-year follow-up. The HRs were corrected for the regression-dilution and reverse-causation biases, and compared with data from a previously published study to evaluate the effects of correcting for these putative biases on estimates of excess deaths attributable to obesity in the US population.
Introduction
Flegal et al. 1 recently concluded that there were roughly 112 000 deaths attributable to obesity in the US in 2000, using 18.5-25 kg/m 2 as the ideal-weight reference body mass index (BMI) category. The estimate increased to about 165 000 when 23-25 kg/m 2 was used as the reference category. These estimates are substantially lower than previous estimates. For instance, Allison et al., 2 using allcause mortality hazard ratios (HRs) from survival analyses in five prospective US cohorts, estimated that there were between 280 000 and 325 000 deaths attributable to obesity in the US in 1991. Mokdad et al., 3, 4 using a similar method, estimated that there were 365 000 deaths attributable to being overweight in 2000.
The new lower estimates were based on survival analyses, which may not have been fully corrected for the reversecausation 5 and regression-dilution 6 biases. Both of these putative biases are assumed to deflate mortality HRs for elevated risk factors such as obesity, 5, 6 and hence artificially decrease estimates of excess mortality owing to obesity, as these estimates are calculated from the HRs. The purpose of the present analysis was to (1) assess the magnitude of the increases in all-cause mortality HRs for obesity caused by attempts to correct for these putative biases; (2) compare our corrected HRs with data published by Flegal et al. 1 on relationships between HRs for obesity and estimates of excess of mortality attributable to obesity in the US population; and (3) hence make a crude assessment of the increases in estimates of mortality attributable to obesity in the US population that might result from correcting for the putative biases. 
Methods

Database
Survival analyses
Cox proportional-hazards regression 9 was used to estimate multivariate-adjusted HRs for all-cause mortality in different categories of BMI. Log-log plots were used to test the proportionality assumption. 10 No evidence against these assumptions was found. The following BMI categories 11 were used in all analyses: 25-o30 kg/m 2 (overweight); 30-o35 (Grade 1 obesity). Separate analyses were conducted for X35 (Grade 2-3 obesity) and X30 (obesity). Separate survival analyses were also conducted using the following three idealweight BMI categories: 18.5-25, 21-25 and 23-25 kg/m 2 . Visit 3 (an average of 6 years after study entry) was used as follow-up baseline in all survival analyses to enable the use of the assessments of BMI at visit 1 (study entry), visit 2 (an average of 3 years after study entry) and visit3 to correct for regression dilution, as described below. Body weights were measured at visits 1, 2 and 3. Height was measured at visits 1 and 3. Height at visit 2 was taken as the average height measured at visits 1 and 3. BMI was calculated as body weight in kg divided by the square of height in meters.
Participants with any missing data on the predictor, covariates or outcome variables were excluded from all analyses. Participants with missing BMI at visits 1, 2 or 3 were excluded, as explained below. After exclusions, there were 12 457 individuals aged 51-70 years of age at visit 3 and 606 all-cause deaths during the subsequent follow up, ending at the 12th annual follow-up survey and lasting an average of 5.3 years. Three hundred and seventy-three (2.9%) of the 12 830 participants at visit 3 and 40 (6.2%) of the 642 deaths during follow-up subsequent to visit 3 were excluded.
Mortality data were obtained from tracing activities conducted at and between the annual follow-up surveys and the four visits. Each death was confirmed either by death certificate or interview with family. Time to event was calculated as time between the day of visit 3 and the day of death or censorship.
The following covariates were used in all survival analyses: age in years, sex (female, male), race (non-African American, African American), smoking (nonsmoker, former smoker, o1 pack/day, X1 pack/day) and alcohol consumption (0, 0-75, 75-150, X150 g/week -g/week estimated by ARIC researchers). Quadratic and cubic polynomials of age made no significant improvements in our regression models, and thus were not included.
Correcting the putative regression-dilution bias Intra-individual (within-person) variation in a single-point observation of a variable has long been known to weaken the association between this observed value of the variable and other variables in regression analyses, including regressionmodel survival analyses. 12 In one of the earliest reports of this phenomenon, Spearman 13 referred to it as 'attenuation by errors'. The attenuation of the regression association between risk factor and risk was first referred to as regression dilution by MacMahon et al., 14 because it attenuates or 'dilutes' the strength of the association. Within-person variation is caused by random intra-individual measurement error, 15 and by other short-or long-term variations. 15, 16 For body weight data, short-or long-term variations can be caused by factors such as smoking, illness and changes in diet or exercise. Within-person variation that causes regression dilution also causes regression to the mean patterns.
14 These patterns exist in the ARIC body weight data ( Figure 1a ). Persons with high body weight in a baseline survey tend to have lower weight before and after the survey, and the opposite for persons with low weight in the survey. The average weight during the months or years before and after the survey is referred to as the usual or true weight. 15 In a regression model survival analysis mortality risk associated with a high usual BMI will be attributed to a higher baseline BMI and vice-versa for low usual BMI. This may artificially decrease the HR at high levels of baseline BMI, 6 and suggest that the mortality risk for obesity is lower than its true value. Several prior investigators have attempted to correct for this putative bias by using as their predictor an average of several sequential observations, instead of only the baseline observation. This technique has been used for predictors such as alcohol consumption, 16 coffee consumption, 17 physical activity 18 and blood pressure. 19, 20 We used the average BMI at visits 1, 2 and 3. Participants with any missing BMIs were excluded. Figure 1b shows that this method of correction reduced evidence of regression to the mean.
Correcting the putative reverse-causation bias Reverse causation is thought to be caused by factors which induce weight loss and simultaneously increase mortality risk, including serious illness and smoking. 5 Reverse causation is presumed to increase the mortality rate at low BMI levels, and hence artificially deflate survival-analysis HRs at
Putative biases in estimating mortality attributable to obesity JA Greenberg et al high BMI if the ideal-weight BMI category includes low-BMI levels. We attempted to minimize bias due to reverse causation by excluding participants who reported ever smoking, or a history of serious illness (heart attack, heart failure, stroke, diabetes, cancer or chronic lung disease).
Secondary analyses
Separate analyses were conducted for participants who reported no history of serious illness and those who reported never smoking. Separate analyses were conducted for males and females. Reverse causation was corrected by excluding only ever smokers, to provide enough deaths for a meaningful statistical analysis. The ideal-weight BMI category was 18.5-25 kg/m 2 . The analyses represented in Table 2 were repeated with an average BMI that used BMI measured in visits 2, 3 and 4 as predictor (sequential visits were about 3 years apart). The purpose was to conduct a sensitivity analysis of our method of correcting for regression dilution, by using a different measure of average BMI as predictor. We also wanted to assess whether the time between the follow-up baseline (visit 3) and the midpoint of the time between earliest and latest BMI in the average could affect our findings. Participants with BMI missing at visits 1, 2 or 3 were excluded to allow for a meaningful comparison with the results in Table 2 . The average BMI we used was (1) the average of BMI at visits 2 and 3 for participants for whom BMI was not assessed at visit 4 and (2) the average of BMI at visits 2, 3 and 4 for participants for whom BMI was assessed at all three visits. This method of analysis is equivalent to the traditional prospective-study survival analysis, in which the timing of the follow-up survey (at which the predictor and covariates are assessed) and the length of follow-up are different for different participants. A similar method was used by Emberson et al. 16 to correct alcohol intake for regression dilution. This sensitivity analysis was performed for all three ideal-BMI categories. Table 1 shows that the proportion of participants who were Black, non-smokers and those who reported serious illness all increased as baseline BMI increased. Males made up a relatively low proportion of grade 2-3 obese participants and a relatively high proportion of overweight participants. Average BMI was lower than baseline BMI above the idealweight category, a pattern that is consonant with the regression-to-the-mean patterns in Figure 1 .
Results
Baseline characteristics
Correcting biases
No significant interactions were found between BMI and age, sex or race for all three ideal-BMI categories. Using average BMI rather than baseline BMI as predictor to correct for regression dilution increased the HRs for overweight, grades 1 and 2-3 obesity and for all three ideal-BMI categories ( ), as shown in Figure 2 for the 21-25 kg/m 2 ideal-BMI category. Also shown in Figure 2 is the HRs for participants who were either ever smokers or those who reported a Putative biases in estimating mortality attributable to obesity JA Greenberg et al history of serious illness, corrected for regression dilution. The HR for obesity, 1.29 (1.01-1.64) was slightly larger than the equivalent uncorrected HR for all for all participants, 1.26 (1.01-1.58).
Corresponding changes in estimates of mortality attributable to obesity in the US population Flegal et al.,
1 using their underlying analysis as a basis, concluded that deaths attributable to obesity would increase by 89% if the HRs for obesity increased from 1.2 to 1.4, and by 170% if it increased from 1.2 to 1.6. These conclusions were based on a fictitious population not too different from the US population in 2000. Their underlying analysis used NHANES data, which are from representative samples of the US population. Using average BMI instead of baseline BMI as predictor to correct for regression dilution increased the all-cause mortality HR for obesity. For instance, for the 21-25 kg/m 2 idealweight category, the HR increased from 1.26 to 1.46. Based on Flegal et al.'s conclusion, such an increase in HR could cause an increase of about 90% in mortality attributable to obesity for the US population. Correcting for both biases in the ARIC data increased our HR for obesity to 2.70, for never smokers who reported having no history of serious illness. We were not able to determine the size of the corrected HR for the whole ARIC cohort because we could not determine the proportion of ever smokers and/or participants with serious illness who contributed to reverse causation. However, our HR for obesity for participants who were ever smokers and/or reported a history of serious illness was 1.29, after using average BMI instead of baseline BMI as predictor. It seems likely, therefore, that the HR corrected for both biases for the whole cohort should be somewhere between 1.29 and 2.70. According to Flegal et al.'s conclusions, an increase of this magnitude in HR would correspond to an increase in estimated deaths attributable to obesity in the US population of somewhere between 50% and several hundred percent.
Secondary analyses
Excluding ever smokers caused a greater increase in HR estimates than excluding participants with a history of History of serious illness was defined as a self-reported history of heart attack, heart failure, stroke, diabetes, cancer or chronic lung disease. Corrections for regression dilution were made by using the average BMI at visits 1, 2 and 3 as predictor. Corrections for reverse causation were made by excluding ever-smokers and participants with a self-reported history of heart attack, heart failure, stroke, diabetes, cancer or chronic lung disease.
serious illness. For instance, for the ideal-weight category 18.5-25 kg/m 2 , the HR (95% CI) for grade 2-3 obesity corrected for regression dilution was 2.77 (1.59-4.83) after excluding only ever smokers and 1.65 (1.02-2.65) after excluding only those participants with a history of serious illness.
The separate analyses for males and females yielded essentially the same pattern of HRs as for the whole cohort. For example, using the ideal-BMI category 18.5-25 kg/m 2 for females, the uncorrected HR (95% CI) increased from 1.07 (0.73-1.56) to 1.89 (0.97-3.68) for grade 1 obesity, and from 1.20 (0.79-1.81) to 2.76 (1.41-5.42) for grade 2-3 obesity, respectively, after correcting for both putative biases. Using the average BMI that was based on BMI assessed in visits 2, 3 and 4 as predictor yielded essentially the same results as those in Table 2 . For instance, for the 21-25 kg/m 2 ideal-BMI category, the all-cause mortality HRs (95% CI) for grade 1 obesity were 1.23 (0.97-1.57), 1.29 (1.01-1.65) and 2.42 (1.05-5.57) for no corrections, correction for regression dilution and correction for both putative biases, respectively.
Discussion
The main finding of this prospective survival analysis, using data from the well-characterized ARIC cohort, is that correcting for regression dilution and reverse causation could cause increases in estimates of morality attributable to obesity in the US population of somewhere between 50% and several hundred percent. This finding was based on the large increases in the all-cause mortality HR for obesity caused by correcting for the biases. For instance, for the 21-25 kg/m 2 ideal-BMI category, the uncorrected all-cause mortality HR for obesity was 1.26 ( Figure 2 ). The HR for obesity increased to 1.46 after correcting for regression dilution and to 2.70 after correcting for both regression dilution and reverse causation. Correcting for these putative biases increased the HRs to an even greater extent for grade 2-3 obesity. We found similar results in separate analyses for males and females, and in analysis in which several different methods were used to correct for the putative biases. Regression dilution and reverse causation could, therefore, also help explain some of the discrepancy between previous estimates of mortality attributable to obesity. Allison A second important finding is that correcting for the putative biases changed the HRs for overweight from less than 1.00 to greater than 1.00. This was true for all three ideal-weight categories tested. It is possible, therefore, that Flegal et al.
1 found negative rather than positive estimates of mortality attributable to overweight, because they did not correct for the putative biases.
Conceptually the predictor we used to correct for regression dilution, the average of three sequential BMI observations over the 6 years before follow-up baseline, should improve the validity of risk estimates by accounting for intra-individual variations in BMI data. It seems likely that our predictor corrects mostly for intra-individual variation not due to random measurement error, because previous investigators have found little evidence of random measurement error in BMI data. 6 Intra-individual variation not due to random measurement error include short-and long-term variations caused by factors such as illness, smoking or changes in diet or exercise. One measurement-error model, the error calibration model, might be able to be used with the data employed in the present analysis to correct for such short-and long-term variations. 21 Our findings suggest that HRs should be corrected for regression dilution before being used to make predictions about mortality attributable to obesity or overweight. Our findings also raise important questions about counterfactuals used in making predictions. For instance, should average weight during the previous several years be preferred to current weight in decisions about clinical and public-health weight guidelines? Our predictions about the potential effects of the putative biases on estimates of mortality attributable to obesity were derived from previously published estimates of mortality attributable to obesity for the US population made by Flegal et al. 1 Flegal et al.'s estimates were based on a statistical association between predictor (obesity) and outcome (allcause mortality) obtained from a regression-model survival analysis. They did not attempt to assess whether their estimates are equivalent to the number of deaths that could be prevented by interventions aimed at reducing obesity.
Another limitation of our analysis is that our corrections for reverse causation were based on self-reported measures of smoking status and serious illness. Studies of the validity of such self reports 22, 23 have shown them to be relatively reliable. Such self reports would presumably cause only minor misclassification errors, which would only cause slight underestimates of the true impact of reverse causation due to smoking and serious illness. A full explanation of the nature and magnitude of any biases introduced by use of self-reported data has yet to be published. Also, even though the sensitivity analysis of our method of correcting for regression dilution yielded essentially the same results as our primary method, it is possible that our method is suboptimal. Several methods have been used to correct for regression dilution, 24 and they have not been comprehensively compared. In addition, there could be biases due to the manner in which ARIC participants were selected or dropped out before the start of follow-up. We did not consider such possible biases herein. Our study has several positive attributes, including the fact that our BMI data were based on actual measurements of weight and height rather than self-reported values.
In conclusion, correcting for putative biases yielded increases in all-cause mortality HRs for obesity that translate into substantial increases in estimates of excess mortality attributable to obesity in the US population.
